In the wake of the numerous now-fruitful genome projects, we are entering an era rich in biological data. The field of bioinformatics is poised to exploit this information in increasingly powerful ways, but the abundance and growing complexity both of the data and of the tools and resources required to analyse them are threatening to overwhelm us. Databases and their search tools are now an essential part of the research environment. However, the rate of sequence generation and the haphazard proliferation of databases have made it difficult to keep pace with developments. In an age of information overload, researchers want rapid, easyto-use, reliable tools for functional characterisation of newly determined sequences. But what are those tools? How do we access them? Which should we use? This review focuses on a particular type of database that is increasingly used in the task of routine sequence analysisthe so-called pattern database. The paper aims to provide an overview of the current status of pattern databases in common use, outlining the methods behind them and giving pointers on their diagnostic strengths and weaknesses.
Introduction
There are now hundreds of databanks around the world housing information that floods from the genome projects. The endeavour to store and analyse these vast quantities of data has required increasing levels of automation. However, automation carries a price. For example, although software robots are essential to the process of functional annotation of newly determined sequences, they pose a threat to information quality because they can introduce and propagate mis-annotations. 1 Although the curators strive to improve the quality of their resources, databases nevertheless carry the indelible scars of time and are far from perfect. To get the most from current biological databases it is thus important to have an understanding both of their powers and of their pitfalls.
To characterise a new sequence, the first step usually involves trawling a sequence database with tools such as BLAST 2 or FASTA. 3 Such searches quickly reveal similarities between the query and a range of database sequences. The trick then lies in the reliable inference of homology (the verification of a divergent evolutionary relationship) and, from this, the inference of function. Ideally, a search output will show unequivocal similarity to a well-characterised protein over the full length of the query, providing sufficient information to make a sensible diagnosis. Sometimes, however, an output will reveal no significant hits or, more commonly, will furnish a list of partial matches to diverse proteins, many of which are uncharacterised, or possess dubious or contradictory annotations. 4 There are several reasons why such searches might not give direct answers. For example, the growth of sequence databases and their population by greater numbers of poorer-quality partial sequences makes it increasingly likely that high-scoring matches will be made to a query simply by chance. Low-complexity matches, in particular, may swamp search outputs -these are parts of a sequence that have high densities of particular residues (eg poly-GxP, such as occurs in sequences like collagen, or poly-glutamine tracts that occur in Huntingdon's disease protein etc). Although it is possible to mask such sequences, this can also create complications. The modular and domain nature of many proteins also causes problems on different levels. When matching multi-domain proteins, it may not be clear which domain or domains correctly correspond to the query. Even if the right domain has been identified, it may not be appropriate to transfer the functional annotation to the query because the function of the matched domain may be different, depending on its biological context. Similar issues arise with the existence of multi-gene families, because database search techniques cannot differentiate between orthologues (usually the functional counterparts of a sequence in another species) and paralogues (homologues that perform different but related functions within the same organism).
Given these complexities, correct functional assignment from searches of sequence databases alone can be difficult or impossible to achieve. As a result, it is now customary also to search a range of 'pattern' databases, so-called because they distil patterns of residue conservation within groups of related sequences into discriminators that aid family diagnosis. Searching pattern databases is thus more selective than sequence database searching because discriminators are designed to detect particular families. Different analytical approaches have been used to create a bewildering array of discriminators, which are variously termed regular expressions, profiles, fingerprints, blocks, etc.
5 -these terms are summarised in Figure 1 . The different descriptors have different diagnostic strengths and weaknesses and different areas of optimum application, and have been used to generate different pattern databases, which also differ in content! The aim of this paper is to provide an overview of pattern databases in common use and to offer pointers on how best to use them. As this is a fast moving area, a list of web addresses is given in Table 1 to allow readers to obtain current information on the resources discussed. 
THE METHODS BEHIND THE DATABASES
At the heart of the analysis methods that underpin pattern databases is the multiple sequence alignment. When building an alignment, as more distantly related sequences are included, insertions are often required to bring equivalent parts of adjacent sequences into the correct register, as illustrated schematically in Figure 2 . 6 As a result of this gap insertion process, islands of conservation emerge from a backdrop of mutational change. These regions, usually termed motifs or blocks, are typically around 10-20 residues in length and tend to correspond to the core structural or functional elements of the protein.
The conserved nature of motifs effectively provides us with a set of Figure 1 : At the heart of sequence analysis methods is the multiple sequence alignment. Application of these methods involves the derivation of some kind of representation of conserved features of the alignment, which may be diagnostic of structure or function. Various terms are used to describe the different types of data representation, as shown. Within a single conserved region (motif), the sequence information may be reduced to a consensus expression (a regular expression), often simply referred to as a pattern. In this example, square brackets indicate residues that are allowed at this position of the motif and x denotes any residue, the (2) indicating that any residue can occupy consecutive positions in the motif. The term used to describe groups of motifs in which all the residue information is retained within a set of frequency (identity) matrices is a fingerprint, or signature. Adding a scoring scheme to such sets of frequency matrices results in position-specific weight matrices, or blocks. Using information from extended conserved regions that include gaps (usually referred to as domains) gives rise to profiles; and probabilistic models derived from alignment profiles are termed hidden Markov models 
Hidden Markov Model
Alignment underpin pattern databases familial blueprints, and different techniques have evolved to exploit this fact. As shown in Figure 2 , the methods fall broadly into three categories, depending on whether they use single motifs, multiple motifs or full domain alignments. All of these methods involve the derivation of some kind of discriminatory representation of aspects of the alignment, providing a characteristic signature for the family that can be used to diagnose future query sequences.
The diagnostic success of the different methods depends on how reliably true family members (true-positives) can be distinguished from non-family members (true-negatives). In practice, there is a crucial balance between the number of incorrect matches that are made (falsepositives) and the number of correct matches that are missed (false-negatives) at a given scoring threshold. As shown in Figure 3 , for a given search, this requires the distribution of true-positive matches to be resolved from that of the truenegatives, such that the overlap between 
Conserved motifs provide family blueprints
Minimise overlap of time-positives and true-negatives them is minimised or eliminated. This is important because, for matches in the overlapping area, it can be difficult or impossible to determine which are correct (statistical approaches are used to assign confidence levels to matches in this area, but mathematical significance does not give biological proof ). The different analytical methods that have been designed to tackle these issues are outlined below.
Single-motif methods
Of the various approaches, single-motif (regular expression pattern) methods are easiest to understand. The idea is that a particular protein family can be characterised by the single most conserved, often functionally important, region (eg an enzyme active site) observed in a sequence alignment. The motif is reduced to a consensus expression in which all but the most significant residue information is discarded. For example, the expression D-x-{KR}- [NQ] means that a conserved aspartic acid (D) residue is followed by an arbitrary residue (x) and any residue except lysine (K) or arginine (R), and finally a polar residue, which may be asparagine (N) or glutamine (Q). No other residues or residue combinations are tolerated by the expression; matches to it must therefore be exact, or will be disregarded. So rigid is this syntax that regular expression patterns do not perform well when used to represent highly divergent protein families. For example, such patterns will fail to match significant sequences if they contain a single amino acid difference. The sequence DARN is thus a mis-match, in spite of matching the above expression in all but one position (it has a forbidden arginine as its third residue). Conversely, a pattern will match anything that corresponds to it exactly, regardless of whether it is a true family member. The problem is that matches to single motifs lack biological context -a match to a pattern is just a match to a pattern, and may well only be fortuitous. To assess the likelihood of a match being 'real', it must be verified with corroborating evidence, whether via other database searches, the literature or experiment.
An approach that addresses the strict nature of exact regular expression matching is to assign amino acid residues to distinct, but overlapping, substitution groups corresponding to various biochemical properties (eg charge and size), as shown in Table 2 . This is biologically sensible because each amino acid has several properties and can serve different functions, depending on its biochemical context. 7 However, although the technique is more flexible, its inherent permissiveness has an inevitable signal-to-noise trade-off, ie resulting patterns not only have the potential to make more true-positive matches, but they will consequently also match more false-positives. For example, the sequence EVEN, which would be In a database search, the desire is to establish which sequences are related (true-positive) and which are unrelated (true-negative). At a given scoring threshold, it is likely that several unrelated sequences will match a search pattern erroneously (so-called falsepositives), and several correct matches will fail to be diagnosed (false-negatives). In sequence analysis, the challenge is to improve diagnostic performance by capturing all (or the majority) of truepositive family members, including no (or few) false-positives, and minimising or precluding false-negatives 
Multiple-motif methods
In response to these problems, diagnostic techniques evolved to exploit multiple motifs. Within a sequence alignment, it is common to find several motifs that characterise the aligned family. Diagnostically, it makes sense to use many or all such regions to build a family signature. In a database search, there is then a greater chance of identifying a distant relative, whether or not all parts of the signature are matched. For example, a sequence that matches only four of seven motifs may still be diagnosed as a true match if the motifs are matched in the correct order in the sequence and the distances between them are consistent with those expected of true neighbouring motifs. The ability to tolerate mis-matches, both at the level of individual residues within motifs, and at the level of motifs within the complete signature, makes multiple-motif matching a powerful diagnostic approach.
Different multiple-motif methods have arisen, depending on the technique used to detect the motifs and on the scoring method employed. Probably the simplest to understand is the technique of fingerprinting. 8 Here, groups of conserved motifs are excised from a sequence alignment and used to create a series of frequency (identity) matrices -no mutation or other similarity data are used to weight the results. The scoring scheme is thus based on the calculation of residue frequencies for each position in the motifs, summing the scores of identical residues for each position of a retrieved match. However, the simplicity of this approach is both its strength and its weakness. In other words, because the method exploits observed residue frequencies, the scoring matrices are sparse and thus perform cleanly (with little noise) and with high specificity; at the same time, their absolute scoring potential is limited by the nature of the observed data. For richly populated families, this is not a problem because the resulting matrices will reflect the constituent sequence diversity; but for poorly populated families, the matrices may be too sparse and may not encode sufficient variation to be able to detect distant relatives reliably, if at all.
One way to address this problem is to use mutation or substitution matrices to weight non-identical residue matches. Commonly used scoring matrices include the PAM 9 and BLOSUM 10 series. The former is based on the concept of the point-accepted mutation (PAM). PAM 250 is often used as a default matrix in comparison programs because it gives similarity scores equivalent to 20 per cent matches remaining between two sequences, the Twilight Zone 11 of similarity. The BLOSUM matrices, which are derived from observed substitutions in blocks of aligned sequences from the Blocks database, were designed to detect distant similarities more reliably than the Dayhoff series, which can only infer remote relationships because their substitution rates were derived from sets of highly similar sequences. Whatever the approach, however, similarity matrices are inherently noisy because they indiscriminately weight both random matches and weak signals. Thus care should be taken to select a scoring matrix appropriate to the evolutionary distance at which relationships are being sought. For practical purposes, this means using a range of different matrices.
Profile methods
An alternative philosophy to motifbased approaches takes into account the variable regions between conserved motifs, which also contain valuable information. Here, the complete conserved portion of the alignment (including gaps) effectively becomes the discriminator. The discriminator, termed a profile, defines which residues are allowed at given positions, which positions are highly conserved and which degenerate, and which positions can tolerate insertions. The scoring system is intricate and may include evolutionary weights and results from structural studies, as well as data implicit in the alignment. In addition, variable penalties may be specified to weight against insertions and deletions occurring within core secondary structure elements. 12, 13 Profiles (sometimes referred to as weight matrices) provide a sensitive means of detecting distant sequence relationships where only very few residues are well conserved.
Just as there are different ways of exploiting motifs, so there are different ways of using alignments to build family discriminators. An extension of the concept of profiles lies in the application of hidden Markov models (HMMs).
14 These are probabilistic models consisting of a number of interconnecting states -they are essentially linear chains of match, delete or insert states that attempt to encode the sequence conservation within aligned families. A match state is assigned to each conserved column in a sequence alignment, an insert state allows for insertions relative to the match states, and delete states allow positions to be skipped, as illustrated in Figure 4 . Probabilities or costs (negative log-probabilities) are associated with each omission and each transition between states. To align a sequence is to find the highest-probability (lowestcost) path through the HMM.
Although capable of providing precise 
PATTERN DATABASES
The different methods of analysing sequences and encoding protein families have given rise to different pattern databases, as shown in Table 3 . Despite their differences, pattern databases have arisen from the same principle, ie homologous sequences share conserved motifs, presumably crucial to the structure or function of the protein, which provide a signature of family membership. A new sequence that matches these predefined characteristics may then be assigned to a family. If the structure and function of the family are known, searches of pattern databases thus theoretically offer a fast track to the inference of biological function. Because these resources are derived from multiple sequence information, searches of them are often better able to identify distant relationships than are searches of the sequence databases. However, none of the pattern databases is yet complete. They should therefore be used to augment sequence searches, rather than to replace them. The status of some of the commonly used pattern resources is outlined below.
PROSITE
PROSITE stores motifs in the form of regular expression patterns, 15 which are derived from searches of SWISS-PROT. Entries are deposited in the database in two distinct files: (i) a structured data file that houses the pattern and lists all matches in the parent version of SWISS-PROT, as shown in Figure 5 ; and (ii) a free-format documentation or annotation file, which provides details of the characterised family and, where known, a description of the biological role of the chosen motif/s and a supporting bibliography. A number of features of the data file are worthy of note. The identifier (ID) and description (DE) lines identify the characterised family, and the DR lines list all true (T), possible (P), false (F) and missed/negative (N) matches to the pattern -these results are summarised in the NR lines. In the example shown in Figure 5 , 29 matches are made to the 
Blocks
Blocks, which is based on families already identified in PROSITE, stores motifs as aligned, clustered blocks, which are derived from searches of SWISS-PROT. 16 The format of entries is PROSITE-compatible, but details of matches to a given block are not provided. Nevertheless, the diagnostic power of a block is given in terms of a strength value (which is reported on the BL lines). The strength is a normalised quantity, allowing the diagnostic performance of individual blocks to be compared. Strong blocks are more effective than weak blocks (strength less than 1100) at separating true-positives from true-negatives. In searching the database, however, more important than the strength of individual blocks is the number of blocks matched. High-scoring matches to single blocks seldom have biological More important is the number of blocks significance; conversely, matches to sets of blocks from the same family are unlikely to have arisen by chance, and a probability value is calculated to reflect that likelihood. Release 11.0 contains 4,034 blocks, representing 994 groups from PROSITE release 15.
Recently, a number of other Blocks databases have been made available. For example, in Blocks+, supplementing the entries derived from PROSITE families are blocks from families in PRINTS that are not already in Blocks, and then successively, any additional blocks from Pfam, ProDom and DOMO. Blocks+ is thus comprehensive, containing 10,070 blocks from 2,235 sequence groups. Complementing this resource is a version of PRINTS in which block-scoring methods have been exploited. 16 Note, however, that PRINTS' motifs tend to be deeper than those in Blocks because its source database is larger; the diagnostic performance of entries in the two resources can therefore differ, Blocksformat-PRINTS tending to be more prone to problems of noise. Because the Blocks databases are derived automatically, their entries are not annotated, but links are made to the corresponding PROSITE and PRINTS documentation files.
PRINTS
PRINTS stores motifs in the form of fingerprints, 17 which are derived from searches of a non-redundant SWISS-PROT/TrEMBL composite. Each entry is manually annotated with descriptions of the family, details of the structural or functional relevance of the motifs where known, cross-references to related databases, bibliographic references, etc. In addition, a full list of matching sequences is provided, including those that fail to match one or more motifs. Fingerprint diagnostic performance is indicated via a summary that tabulates the numbers of complete and partial matches. The fewer the partial matches, the better the fingerprint. The full potency of the method derives from the mutual context provided by motif neighbours. The more motifs in a fingerprint, the better able it is to identify distant relatives, even when parts of the signature are absent; conversely, the fewer the motifs, the poorer the diagnostic performance. Fingerprints with only two motifs are diagnostically little better than single motifs and are therefore more likely to make falsepositive matches. When searching PRINTS, probability-and expectvalues are calculated to assign a measure of confidence to both complete and partial matches. Release 24.0 (September 1999) contains 1,210 entries (7,241 motifs), making it currently the most comprehensive manually annotated pattern database.
IDENTIFY
IDENTIFY stores motifs in the form of regular expressions and is derived automatically from motifs in Blocks and PRINTS. 7 The program used to create the database constructs consensus expressions from the motifs, adopting a permissive approach in which different residues are tolerated according to a set of prescribed groupings (Table 2) . These groups correspond to various biochemical properties, theoretically ensuring that the resulting expressions have sensible biochemical interpretations. However, because in practice the approach may lead to an increase in noise, when searching the resource, different levels of stringency are offered from which to infer the significance of matches. The approach is thus diagnostically more powerful than exact pattern matching.
Profiles
Profiles stores the conservation encoded in gapped domain alignments in the form of weight matrices, 15 which are derived from searches of SWISS-PROT. As a result of their potency, profiles are used to complement some of the poorer regular expressions in PROSITE, or to 
Pfam
Pfam stores the conservation encoded in gapped domain alignments in the form of HMMs, 19 which are derived from searches of SWISS-PROT and TrEMBL. The resource is based on two distinct classes of alignment: hand-edited seed alignments, which are deemed to be accurate; and an automatically clustered set derived from ProDom families. The seed alignments are used to build HMMs, to which sequences are automatically aligned to generate final full alignments. The collection of seed and full alignments, 
FAMILY-CLUSTER DATABASES
In addition to the resources discussed above, several 'family-cluster' alignment databases are available for searching via the Web, some of which are listed in Table 4 . The construction of alignment and pattern databases is based on different principles, so the two types of resource should not be confused. The 
WHICH DATABASE IS BEST?
The plethora of available databases presents bewildering choices to the sequence analyst. Which is diagnostically most reliable? Which has the most useful annotations? Which is the most comprehensive? Which should I use? It is difficult to assess the quality of particular resources: each has different diagnostic strengths and weaknesses, each offers different family coverage and different levels of annotation -each has good points and bad. Nevertheless, some general points bear consideration. Initially, the clustered family resources appeal because they are so comprehensive, yet they suffer certain limitations. Automatic clustering is based on pre-set scores and the resulting clusters need not have precise biological correlations. Furthermore, the search tools tend to involve flavours of BLAST or FASTA, which are good at highlighting generic similarities but cannot pinpoint differences (eg such as between highly similar but functionally disparate receptor subtypes).
Perhaps the biggest failing of automatically generated pattern and cluster databases is that they carry no annotations. The advantage of searching them is that they are more comprehensive than their manually derived counterparts. The disadvantage is that there may be no way to ascertain the biological significance of a match, if indeed it has any (that a match has been made does not mean an evolutionary relationship necessarily exists). This is important to understand -automatic methods can only detect similarities, but it is for the user to infer homology from supporting biological evidence.
Among pattern databases, single-motif methods that use exact regular expression pattern-matching have known diagnostic limitations. These methods tolerate no similarity, so will fail to diagnose sequences that contain subtle changes not catered for by the pattern. Moreover, single motifs offer no biological context within which to assess the significance of a match -each has therefore to be verified individually. Multiple motif approaches inherently offer improved diagnostic reliability by virtue of the mutual context provided by motif neighbours. Thus, if a query fails to match all the motifs in a signature, the pattern of matches formed by the remaining motifs still allows the user to make a confident diagnosis.
Pattern resources derived from existing databases have the limitation that they offer no further family coverage. Nevertheless, they have the advantage of implementing different analytical methods from their source databases, thus offering different scoring potentials on the same data, and furnishing important opportunities to diagnose relationships missed by the original implementations.
Finally, manually annotated databases are set apart from their automatically created counterparts by virtue of (i) attempting to provide validation of results, and (ii) offering detailed information that helps to place conserved sequence information in structural or functional contexts. This is vital for the user, who not only wants to discover whether a sequence has matched a pre-defined motif, but also needs to understand its biological significance. 
CONCLUSION
Creating and searching pattern databases are activities that lie at different ends of a fallible chain of events. We begin with a sequence alignment, we create some kind of scoring function to encode the conservation within the alignment (a scoring matrix, HMM, etc.), we store the discriminators in a database, and we search them with different algorithms. Problems arise if unrelated sequences have crept into the alignment, which in turn lead to errors in the discriminators, which then give ambiguous or incorrect search results. Alternatively, the discriminators may be sound, but the search algorithms may not be sufficiently sensitive to allow unequivocal diagnosis, leading the user to false conclusions of family ties. If the user has performed this experiment on a newly determined sequence and submits the results to one of the sequence databases, the annotation error becomes available for mass propagation.
Recently, there has been doom-mongering in the literature about the quality of our databases, some harbingers of misfortune predicting a future error catastrophe. At the same time, claims of success for some approaches to family classification and function prediction have been equally overdone. A more balanced view recognises that our databases and search routines are not perfect, but with the right approach we can avoid the pitfalls of jumping to over-pessimistic or over-zealous conclusions.
Until we have sufficient experimental data available, pattern and sequence databases are probably the best tools we have for accessing the functional and evolutionary clues latent in the sequences flooding from the genome projects. Pattern databases offer several benefits: (i) by distilling multiple sequence information into family or domain descriptors, trivial errors in the underlying sequences may be diluted; (ii) annotation errors may be quickly spotted if the description of one sequence differs from that of its family; and (iii) they allow specific diagnoses, placing individual sequences in domain or family contexts for a more informed assessment of possible function. By contrast, searches of sequence databases tend to reveal only generic similarities, making precise pinpointing of a particular biological niche more difficult.
While there is some overlap between them, the contents of the pattern databases differ. Together they encode about 2,200 families, including globular and membrane proteins, modular polypeptides, and so on. It has been estimated that the total number of families might be in the range 1,000 to 10,000, so there is a long way to go before any of the databases can be considered complete. Thus, in building a search strategy, it is good practice to include all available pattern resources, to ensure that the analysis is as comprehensive as possible and that it takes advantage of a Unfortunately, creating and annotating family descriptors is time-consuming, so pattern databases have not kept pace with the deluge of sequence data and are consequently still very small. Nevertheless, as they become more comprehensive, as the volume of sequence data expands and search outputs become more complex, their diagnostic potency ensures that pattern databases will play an increasingly important role as the post-genome quest to assign functional information to raw sequence data gains pace.
